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Abstract: In online learning, students’ learning data such as time and logs are commonly used to
predict the student’s learning performance. In a hybrid context, learning activities occur both online
and offline. Thus, how to integrate online and offline learning data effectively for an accurate learning
performance prediction becomes very challenging. This paper proposes a “prediction and alert”
model for students’ learning performance in a hybrid learning context. The model is developed
and evaluated through analyzing the 16-week (one semester) attributes of English learning data
of 50 students in the eighth grade. Six significant variables were determined as learning performance
attributes, namely, qualified rate, excellent rate, scores, number of practice sessions, practice time, and
completion. The proposed model was put into actual practice through four months of application
and modification, in which a sample of 50 middle school students participated. The model shows the
feasibility and effectiveness of data analysis for hybrid learning. It can support students’ continuous
online and offline learning more effectively.

Keywords: learning performance prediction; hybrid learning; ridge regression; clustering algorithm

1. Introduction

Hybrid online and offline learning has existed in China for over two decades, but
has been limited in scale as merely trials or occasional experimentation. However, after
the COVID-19 outbreak, hybrid learning has exploded in schools. It is mentioned in the
“Evaluation” section of the US 2017 National Education Technology Plan “Reimagining the
Role of Technology in Education: 2017 National Education Technology Plan Update” that,
by improving the educational data system, educational leaders can use comprehensive
data to improve the quality and efficiency of learning tools and resources supported by
technology [1]. Applying AI technology to data analysis of hybrid learning can better sup-
port online and offline learning and build personalized digital learning experiences [2,3].
Teachers can use these data to provide effective information for teaching intervention and
decision making, and to help all learners to obtain a personalized learning experience with
better engagement and greater relevance. Environmental analysis based on learning per-
formance to improve learning services for personalized learning is an important direction
for educational development. The rapid emergence of learning analytics, educational big
data, and artificial intelligence technologies that measure, collect, analyze, and report on
the data generated by learners and their contexts offer technical possibilities for formative
assessment and learning alerts.

As it integrates the merits of both learning modes, hybrid learning can be more
flexible, diverse, and profound than either online or offline learning [4]. Hybrid learning
is not a mere combination of face-to-face and online learning. It is a holistic learning
process, which uses the best delivery method for the successful achievement of the learning
objectives. The principle of hybrid learning is to form a unique learning experience on
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the basis of combining the advantages of both, so as to adapt to the teaching situation
and serve the teaching objectives [5]. To achieve an effective hybrid learning experience
for both teacher and students can be very challenging because of the open, flexible, and
independent learning process [6]. Take, for instance, the independent learning ability,
which is the essential assurance for satisfactory learning outcomes in a hybrid learning
context, when simultaneous supervision or guidance from the teacher is unavailable in
the classroom. Given this situation, both teachers and students hope to obtain timely
information about the learning performance based on the analysis of the learning process,
behaviors, and achievements. Such information also facilitates customized instructions
and precise teaching in a hybrid learning context. The ultimate goal of hybrid learning is to
achieve the best learning effect and economic benefits.

Due to the difficulties in obtaining offline data, predicting the performance of hybrid
learning becomes difficult. In addition, there are few valid indicators and algorithms
for hybrid learning prediction, which diminishes the accuracy of learning performance
predication [7]. It is detrimental to the teaching and learning practice if predictions and
alerts are unreliable for the teachers and students. This research tries to improve the
approach to learning performance prediction based on the state of the art. Using hybrid
learning data, we created and evaluated a “Prediction-Alert” algorithm for hybrid learning
performance. It is an important focus of educational development in the era of artificial
intelligence to analyze students’ learning process data and improve learning services to
promote personalized learning. The application of artificial intelligence technology and
big data analysis technology in the field of education can promote precise teaching and
adaptive learning, and effectively improve the process management of hybrid learning [8].

2. Related Work

As online teaching and learning are necessary during COVID-19 and retained post-
pandemic for their perceived strengths, there have been some methods and algorithms for
online learning prediction. This section reviews the existing research on learning perfor-
mance prediction and early alerts. Then, as the main application of learning prediction, we
introduce the line of research on ridge regression and the clustering algorithm.

2.1. Research on Students’ Learning Performance Prediction in Hybrid Environments

The task of predicting students’ performance includes giving records of a series of
behaviors or activities that students have shown in the past and estimating their future
state [9]. This is followed by dealing with the assessment of the student’s learning perfor-
mance, providing course adaptation and learning recommendations based on the student’s
learning behavior, approaches dealing with the evaluation of learning material and edu-
cational web-based courses, giving feedback to both teacher and students in e-learning
courses, and developments for detection of atypical student learning behaviors [10].

On students’ learning performance prediction, related research has focused on the
use of algorithms and learning data to generate quantitative values of learning metrics to
predict learning states. Gong et al. [11], by analyzing students’ learning behaviors related to
a certain course, based on the parallel computation and binary logistic regression algorithm
in the Spark framework, created the off-line learning prediction model, through which, in
the real-time environment, large-scale real-time learning prediction can be realized. Na [12]
proposed a framework for predicting students’ learning performance based on a behavioral
model and described their behavior characteristics and added context information to the
collaborative filtering algorithm, including student knowledge point mastery and class
knowledge points, and students’ mastery is predicted according to the learning path
excavated. Lu, et al. [13] applied learning analytics and educational big data approaches,
including proposed course, consisting of video viewing behaviors, out-of-class practice
behaviors, homework and quiz scores, and after-school tutoring, for the early prediction
of students’ final academic performance by principal component regression in a blended
course. Moises et al. [14] used machine learning to create models for the early prediction
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of students’ performance in solving LMS assignments, by just analyzing the LMS log files
generated up to the moment of prediction.

2.2. Research on Students’ Learning Performance Early Alerts

Learning performance alerts can be summarized as a set of mechanisms, from data
acquisition and performance prediction to early-alter display. It aims to make full use
of learning data to build an effective model [15]. Hu et al. [16] proposed an alert system
to help identify students at risk of dropping out or predict their learning achievements
by analyzing the logs recorded in the Learning Management System (LMS). Through
equal-width discretization, Gökhan et al. [17] used students’ eBook reading data to develop
an early alert system, using 13 prediction algorithms with the data from different weeks
of the course to determine the best performing model and optimum time for possible
interventions. Howard, et al. [18] presented findings from a statistics university course
which has weekly continuous assessment and a large proportion of resources on the
Learning Management System Blackboard, and identified weeks 5–6 (half way through
the semester) as an optimal time to implement an early alert system, as it allows time
for the students to make changes to their study patterns, whilst retaining reasonable
prediction accuracy.

To sum up, studies on early learning alerts mainly focus on analyzing the interactive
classification of students’ learning process and students’ learning support behavior through
the log files of a learning management system, realizing multi-label learning and multi-task
prediction of online learning relationships, exploring students’ learning behavior perfor-
mance by using various general intelligent technology algorithms, in addition to evaluating
its impact on academic performance, as well as early prediction of academic performance
by using learning analysis technology and learning data and behavior data generated by
models, and analyzing the characteristic attributes related to students’ performance at risk.
However, reasonable hybrid learning early alert indicators and early alert algorithms have
not yet been formed, which makes it difficult to guarantee the accuracy and rationality
in the early alert process, and the early alert results produce large errors, which is not
conducive to the teaching application of the analysis results. Therefore, in this study, the
acquired data are first pre-processed, and alert models are constructed based on the analysis
of the correlation between each attribute and the target variable, and early alert analysis is
performed based on the prediction results. If the selected algorithm and tools can visualize
the results, it enables the researcher to grasp the data more intuitively and accurately.

2.3. Research on Methods of Predicting Students’ Learning Performance

Previously, in hybrid learning environments, linear models such as linear regression
and logistic regression have always been the main research focus [19]. Some used more
complex techniques such as decision tree, random forest, logistic regression, reverse neu-
ral network, clustering, and support vector machine, while other studies have already
attempted to harness the predicted capabilities of neural networks [20]. Adoption, modi-
fication, and validation of warning models are important issues in learning performance
prediction research. Take, for instance, Limsathit Wong et al. [21], who found the decision
tree method more effective than a random forest in identifying dropouts when predicting
the dropout rate of freshmen and sophomores from the Thailand National University of
Technology. Xu et al. [22] used three machine learning algorithms— decision tree, neural
network, and support vector machine—to predict academic performance by including on-
line duration, Internet traffic volume, and connection frequency. Jiang et al. [20] categorized
the learners according to the data of learning behaviors in six MOOCs offered by Peking
University on Coursera. They further predicted the students’ learning achievements by
linear discriminant analysis, logistic regression, and linear kernel support vector machine.
Matzavela et al. [23] created adaptive dynamic tests for assessing student academic per-
formance and formulated a predictive model for students’ knowledge level, according to
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the weights of the decision tree. Table 1 summarizes the purpose and characteristics of the
analytical methods used in previous studies.

Table 1. Purpose and Characteristics of Data Analysis Methods in Learning Prediction.

Prediction/Alert
Method Purpose Characteristics

Linear
regression

Learning
achievement prediction

Free of complex calculations, fast modeling, and strong
interpretability, but ill-fitting nonlinear data.

Logistic
regression

Research on the influencing factors of
learning achievements

Easy application and interpretation, applicable to
continuous independent variables, but sensitive to the

multicollinearity between independent variables.

Clustering
algorithm

Research on modeling the influencing
factors of learning achievements

Fast, simple, and flexible, but requiring a specified
number of clusters; possible to generate low-quality

clusters with inappropriate operation.

Random
forest Dropout rate prediction

Certain scalability and robustness when dealing with
abnormal data, but sometimes unconstrained due to the

tendancy to over-fit single tree.

Bayesian
network

Learning achievement
prediction

Possible automatic expansion with the update of data
sets, but sometimes replaceable due to the overly simple

algorithm.

Time
series

algorithm

Learning achievement
prediction

Very simple model, with only endogenous variables
needed when alerting, but requiring highly stable time

series data.

Artificial
neural

network

Learning achievement
prediction

Highly intelligent algorithm, capable of finding the
optimal solution at a high speed, but easy to lose

information and requiring high data integrity.

Support
Vector

Machine
Learning achievement prediction

Modeling to the nonlinear decision boundary with
nonlinear kernel function, but difficult to adjust

parameters and with narrow applicability.

The algorithms listed in Table 1 are commonly used in the field of data mining and
learning analysis to realize learning prediction. Among them, the linear regression algo-
rithm is fast in modeling and has strong explanatory power, which is very effective in
analyzing the relationship between small data quantities and is convenient in parameter
adjustment. Based on the above characteristics of linear regression algorithms, this study
uses a linear regression algorithm to build a learning performance prediction model of
hybrid learners. At present, there are three methods to solve the multicollinearity problem
in multiple linear regression models. First, in a step-by-step regression method, find out
the independent variable that causes multicollinearity in the multiple regression model and
exclude it. Second, the complex multiple linear regression model is divided into several
simple univariate linear regression models, and the relationship between independent
variables and dependent variables is explained from multiple dimensions. Third, the
multicollinearity of multiple linear regression can be solved by the ridge regression method,
which can reduce the variance of parameters. In this study, in order to keep the independent
variables intact and ensure that the expressions of five independent variables to dependent
variables can be obtained, the ridge regression algorithm is used to eliminate the multi-
collinearity of the multiple linear regression. Fast modeling and strong interpretability are
features of the linear regression algorithm, which is used in data mining and data analysis
for learning prediction. It is especially effective in analyzing the relationships between
the data of small-sized samples, and fairly convenient in parameter adjustment. Given
its characteristics, the study adopts a linear regression algorithm to construct the learning
performance prediction model of hybrid learning.
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3. Method and Experiments

Based on the above methods, in view of the characteristics of the hybrid learning
process, the study aims to propose and validate a learning performance prediction and alert
model of hybrid learning by integrating the data that reflect the learners’ online, offline,
and hybrid learning performances. The study is developed in two stages. In the first stage,
the entire data set was used to determine the alert attributes of the learning performance,
while the data of the testing group was used to construct the “Prediction-Alert” model. In
the second stage, the data of the validating group were used to verify the effectiveness of
the alert, and to modify the algorithm according to the analysis results.

The first stage used all 16 weeks of learning data to construct a “Predict-alert model”.
Questions need to be addressed. How do we determine the alert attributes for learn-
ing performance? How do we make a learning performance prediction model? Which
classification algorithm can classify the values of learning performance attributes?

The second stage is concerned with the accuracy of the prediction and alert algorithm.
The questions to be addressed include: To what extent can the algorithm accurately predict
and alert to the learning performance based on the existing data? If the algorithm were not
as accurate as expected, how could it be improved? (see Figure 1)
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Figure 1. Overview of the research.

3.1. Data Collection

Online and offline hybrid learning is continuous. It is more important to predict the
performance of students based on all the data of their learning process; so far, for each
student, all data in the whole learning process were analyzed without time sampling. The
data source for the study was the English learning records of 50 eighth graders on a hybrid
learning platform. These records reflect students’ participation in regular English language
learning, such as listening, speaking, reading, and writing in English, either online or in
the classroom. Every observation unit in the whole population has the same opportunity to
be selected into the sample and has the same opportunity to be grouped. The purpose of
randomization is to make the experimental group and the control group comparable by
randomizing and balancing the influence of interference factors, to ensure the scientificity
of data and to avoid the bias caused by subjective arrangement. Therefore, we randomly
divided the 50 samples of the study into two groups, one as the testing group and the other
as the validating group. The 30-sample testing group was used to construct the prediction
and alert model, while the 20-sample validating group was used to verify the accuracy of
the algorithm and modify the model according to the analysis results.

An example of how the data are related to online and offline learning is the scenario
dialogue activity. The students would assign roles after the teacher released the activity on
the platform. They can either role play dialogue online or practice with group members
offline before recording the dialogue on the platform. The platform keeps data of the
students’ voices, number of practice sessions, and scores. The data in Figures 2 and 3 are
from the platform.
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Figure 3. The submission time of the practice.

In Figure 2, the right side is the specific content of the students’ exercises, and the left
side is the score given by the teacher according to the completion degree of the students’
exercises.

The purpose of the activity is to practice English speaking. We judged the activity to
happen in the classroom because the students submitted their practices nearly simultane-
ously during the morning class period. The data on the platform were categorized by the
type of learning time and activity in Table 2.

Table 2. Data Classification on Hybrid Learning Platform.

Type of Activity Activity Time of Release and
Submission Type of Data

Listening
Listen and complete the test Outside class Online data

Listen to the materials and choose
the answer. In and outside class Classroom data and online data

Speaking

Read after the dialogue In and outside class Classroom data and online data

Read after the text In and outside class Classroom data and online data

Recite the text Outside class Online data

Find and read the target language In and outside class Classroom data and online data

Read and memorize the target sentence In and outside class Classroom data and online data

Imitate and utter the sentence In class Classroom data

Scenario dialogue In class Classroom data

Reading
Reading comprehension Outside class Online data

Complete the dialogue In and outside class Classroom data and online data

Writing

Written expression Outside class Online data

Complete the sentence Outside class Online data

Combine paragraphs into a text Outside class Online data

To ensure the generalizability of the prediction and alert algorithms, 50 students were
randomly selected from 11 eighth grade classes. Their hybrid learning data were then used
for algorithmic analysis. The data to be analyzed had six attributes that were divided into
two categories—academic performance and academic behavior—as shown in Table 3 [15].
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Table 3. Data Attributes on Hybrid Learning Platform.

Category Attribute Attribute Description

Learning achievements

Qualified rate Varies from 1% to 100%

Excellent rate Varies from 1% to 100%

Scores Varies from 1 to 100

Completion Varies from 1% to 100%

Learning behaviors
Number of practice sessions Varies from 1min to + ∞ min

Practice time Varies from 1 to + ∞ times
The sample was selected from eighth-grade students, and learning data are generated throughout the stu-
dents’ learning process, so as long as the students continue to use the platform, the data generated are
theoretically unlimited.

3.2. Determination of Alert Attributes

As demographic and education background attributes are fixed values, and the learn-
ing performance is largely represented by the student’s “scores”, the correlation analysis
was thus conducted between the variable of “scores” and the two categories of attribute
data, namely, “qualified rate”, “excellent rate”, “completion”, “practice time”, and “number
of practice sessions”. The early alert indicators are determined by the significance of the
correlation coefficients.

As Table 4 shows, the Pearson correlation coefficients between “scores” and “pass
rate”, “excellence rate”, “practice time”, “completion”, and “number of practice ses-
sions” are 0.935, 0.846, 0.849, 0.817, and 0.758, respectively, all of which are significant at
the 0.01 level, indicating a significant positive correlation of “scores” to the other attributes.
Therefore, “qualified rate”, “excellent rate”, “practice time”, “completion”, and “number of
practice sessions” are determined to be the alert attributes of a hybrid learning performance.

Table 4. Correlations of the Indicators to “scores”.

Pearson Correlation

Scores

Qualified rate
Correlation Coefficient 0.935

p-value 0.000

Excellent rate
Correlation Coefficient 0.846

p-value 0.000

Number of practice sessions
Correlation Coefficient 0.849

p-value 0.000

Completion
Correlation Coefficient 0.817

p-value 0.000

Practice time
Correlation Coefficient 0.758

p-value 0.000

3.3. Construction of Ridge Regression Prediction Model

Ridge regression is a statistical method to solve multicollinearity among independent
attributes, which eliminates data multicollinearity to establish a stable model [24]. To be
more specific, it takes care of ill-conditioned data by getting rid of some weak relative data
to ensure the accurate estimates of the regression coefficients. Therefore, it does create
significant p-values and enhance the predictability of the model.

In the linear regression model, the objective function is:

U(α) = ∑ (y− Xα)2 + k||α||22
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while in the ridge regression model, a penalty term of L2 norm is added to the objective
function to attain the regression coefficients α, as follows:

U(α) = ∑ (y− Xα)2

= ∑ (y− Xα)2 + ∑ kα2

where k is a non-negative value. The larger k is, the smaller U(α) and the coefficient α are.
The key to ridge regression is to balance the model’s biases with a reasonable k value.

In the research, we imported the data of the 30-sample testing group into Python and
converted the data into a matrix for calculation, some of which are illustrated in Table 5
and Figure 4.

Table 5. Partial tabular data of the testing group.

Flat
Number

Rate
Qualified

Rate
Excellent

Rate
Practice Times Rate Com-

pletion Time

1 50.07 60 9 5 25 0.38
2 45.76 66 2 5 25 0.46
3 35.64 56 43 13 87 5
4 80.09 87 53 15 94 2.3
5 65.65 64 29 14 88 3
6 40.81 33 0 3 15 0.16
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We started modeling in Python in the following steps: apply the ridge regression
algorithm in Python and encapsulate the least-squares method; observe the curve slope of
each independent attribute as the value of K is taken successively from the smaller to the
larger; watch for the collinearity and the best value of K to draw the ridge trace diagram, as
shown in Figure 5.
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With the increase in the K value, the curve slope of each independent attribute grad-
ually levels off. When K is 0.99, the slope of each attribute is the most stable, indicating
K = 0.99 as the optimal value. After the optimal value of K is determined, the 30 matrix data
of the testing group are imported into Python to construct a ridge regression prediction
model, outputting the R2-value, intercept, and the coefficient matrix of each attribute, as
shown in Figure 6.
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As Figure 6 shows, when K = 0.99, the model reaches the maximum fitting. The
attained formula for learning performance prediction is shown as follows:

Sz = 42.149 + 0.19Lh + 0.085Ly + 0.441En + 0.061E f + 1.029Et

In order to explore whether each independent attribute has a significant positive
influence on the dependent attribute, the study conducted an F-test on the ridge regression
prediction model, the results of which are shown in Table 6.

Table 6. F-Test on the Ridge Regression Prediction Model.

Normalization
Factor T-Value p-Value R2 F

β

Constant - 17.017 0.000

0.866
F (5,24) = 31.084,

p = 0.000

Qualified rate 0.266 8.259 0.000

Excellent rate 0.176 5.873 0.000

Number of
practice sessions 0.155 6.194 0.000

Completion 0.133 5.000 0.000

Practice time 0.102 3.553 0.002
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According to Table 5, all independent attributes show a significant positive influence
on the dependent attribute “scores”.

3.4. Construction of K-Means Clustering Alert Model

Means clustering is used to solve classification problems. As a distance-based cluster-
ing algorithm, it follows the principle that the shorter the distance between two objects,
the higher the similarity between them. K-means clustering aims to obtain independent
clusters, each of which consists of objects close to each other. In the application, the con-
vergence is fast, and the classification effect is obvious and better. The desired clusters can
be obtained by simply adjusting the K-values of the centroids. The steps of the K-means
clustering algorithm are first to randomly select K objects as the initial cluster centers, then
to calculate the distance between each object and each seed cluster center, and finally, to
assign each object to the nearest cluster center. One cluster center, together with the objects
assigned to it, makes up a cluster. Whenever a sample is added, the cluster centers are
recalculated based on the existing objects in the clusters. In each course, teachers’ require-
ments for students’ status are different, and, at the same time, teachers’ determination of
students’ performance is also different; therefore, it is not reasonable to set a fixed alert line
in the learning alert link. The k-means clustering algorithm can divide the sample data into
corresponding clusters according to the researcher’s needs.

In order to predict learning performance, the study divides learning performance into
three states: no alert, mild alert, and severe alert. Therefore, when clustering the learning
performance of the testing group, the value of K was set as 3, and the sub-groups of no
alert, mild alert, and severe alert were defined according to the central value of each cluster.
Shown in Figure 7 are the results from the K-means clustering of the dependent attribute
“scores” based on the data of the testing group.

Sustainability 2022, 14, x FOR PEER REVIEW 11 of 17 
 

 

assigned to it, makes up a cluster. Whenever a sample is added, the cluster centers are 

recalculated based on the existing objects in the clusters. In each course, teachers’ require-

ments for students’ status are different, and, at the same time, teachers’ determination of 

students’ performance is also different; therefore, it is not reasonable to set a fixed alert 

line in the learning alert link. The k-means clustering algorithm can divide the sample 

data into corresponding clusters according to the researcher’s needs. 

In order to predict learning performance, the study divides learning performance 

into three states: no alert, mild alert, and severe alert. Therefore, when clustering the learn-

ing performance of the testing group, the value of K was set as 3, and the sub-groups of 

no alert, mild alert, and severe alert were defined according to the central value of each 

cluster. Shown in Figure 7 are the results from the K-means clustering of the dependent 

attribute “scores” based on the data of the testing group. 

 

Figure 7. K-means clustering based on the data of the testing group. 

The sample data are divided into three categories after two iterations. The cluster 

centers of each category are 45.01, 84.4066667, and 66.81146154, respectively. The first cat-

egory with five samples is defined as the severe alert group, the second category with 13 

samples, the mild alert group, and the third category with 12 samples, the no alert group. 

Of the 12 samples in the third category, the sample value farthest from the cluster 

center and less than the cluster center value 84.41 is 78.43. Therefore, the no alert line L1 

is set at 78.43. The samples with higher scores than L1 are in the no alert zone. Of the five 

samples in the first category, the sample value farthest from the cluster center and less 

than the cluster center value 45.01 is 40.63. Therefore, the alert warning line L3 is set at 

40.6. The samples whose scores are lower than L3 are all in the severe alert zone. Of the 

13 samples in the second category, the sample value farthest from the cluster center and 

less than the cluster center value 66.82 is 57.84. Therefore, the mild alert line L2 is set at 

57.84. The samples whose scores are higher than L3 and lower than L2 are all in the mild 

alert zone in Figure 8. 

 

Figure 8. Clustering diagram. 

3.5. Validation of the Overall Alert Accuracy 

Figure 7. K-means clustering based on the data of the testing group.

The sample data are divided into three categories after two iterations. The cluster cen-
ters of each category are 45.01, 84.4066667, and 66.81146154, respectively. The first category
with five samples is defined as the severe alert group, the second category with 13 samples,
the mild alert group, and the third category with 12 samples, the no alert group.

Of the 12 samples in the third category, the sample value farthest from the cluster
center and less than the cluster center value 84.41 is 78.43. Therefore, the no alert line L1 is
set at 78.43. The samples with higher scores than L1 are in the no alert zone. Of the five
samples in the first category, the sample value farthest from the cluster center and less than
the cluster center value 45.01 is 40.63. Therefore, the alert warning line L3 is set at 40.6. The
samples whose scores are lower than L3 are all in the severe alert zone. Of the 13 samples
in the second category, the sample value farthest from the cluster center and less than the
cluster center value 66.82 is 57.84. Therefore, the mild alert line L2 is set at 57.84. The
samples whose scores are higher than L3 and lower than L2 are all in the mild alert zone
in Figure 8.
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3.5. Validation of the Overall Alert Accuracy

To verify the accuracy of the alert model, the 20-sample data in the validating group
were brought to the prediction formula of the hybrid learning performance. Then, K-
means clustering analysis was exerted on the two groups of data, with the K-value set as 3.
The corresponding comparison between the two groups of data is illustrated in Figure 9,
according to which, as the value along the ordinate axis decreases, the downward trends of
both groups basically fit each other, except for s18, s19, and s20 in the severe alert zone. In
terms of the number of members in each zone, the membership distribution in each zone is
basically consistent except for a slight deviation in the severe alert zone, indicating a fitting
effect of the alert model, as expected.
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Figure 9. Accuracy verification diagram.

With v representing the number of samples that the model warns correctly, and m, the
number of alert errors, the accuracy calculation formula is:

Accuracy =
v

v + m
=

17
17 + 3

= 0.85

Normally, the closer the accuracy value is to 1, the better the modeling effect is. The
generated model proves the high quality, with an 85% accuracy according to the calculation.

To probe into the accuracy of the alert model at different time points, the study
selected 20 samples of data from September to December 2019, respectively, from the
testing and the validating groups, and compared the K-means clustering by month between
the two groups, with the initial K-value set as 3, and the number of iterations, within 10.
The results of the K-means clustering from September to December are shown in the
following Figure 10 and Table 7.
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Table 7. K-Means Clustering from September to December.

Month Testing Group Number of
Samples Alert Line Validating

Group
Number of

Samples Alert Line Accuracy

September

No alert zone 11 69.812 No alert zone 11 77.13

100%Mild alert zone 6 60.191 Mild alert zone 6 50.19

Severe alert zone 3 42.149 Severe alert zone 3 0.00

October

No alert zone 12 70.728 No alert zone 12 81.75

100%Mild alert zone 2 57.102 Mild alert zone 2 43.25

Severe alert zone 6 42.149 Severe alert
zone 6 0.00

November

No alert zone 10 70.217 No alert zone 14 62.58

65%Mild alert zone 6 53.08 Mild alert zone 5 24.34

Severe alert zone 4 43.637 Severe alert zone 1 0

December

No alert zone 8 71.609 No alert zone 9 83.86

85%Mild alert zone 8 64.64 Mild alert zone 8 69.96

Severe alert zone 4 55.735 Severe alert zone 3 60.39

The results shown in Table 6 suggest a high accuracy of the alert model in most months.
Except for November at 65%, the accuracy in the other three months exceeds 80%, with
the accuracy in September and October as high as 100%. The accuracy of the alert model is
thus basically up to expectation.

4. Discussion

In the alert process, there is a discrepancy between the alert lines in the validating
group and those of the alert group nodes, especially in the severe alert zone. Figure 11
presents the chart comparing the data between the two groups (the ridge regression test set
image generated in Python).
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In Figure 11, the blue curve represents the data of the validating group, while the red
curve, the data of the testing group. According to the track coincidence degree of the red
and blue curves, the data in the validating group are basically consistent with those in the
testing group. However, in the high-score segment, the data of the validating group are
slightly higher than those of the testing group, while in the low-score segment, they are
slightly lower than those of the testing group. In the medium-score segment, the curves of
the two groups almost completely fit each other.

Since the key alert objects are the learners in the severe alert zone, the data of both
groups in low-score segments are further analyzed. It should be noted that there are
zero-scored samples in the four-month data of the validating group, except for Decem-
ber. This means that the “qualified rate”, “excellent rate”, “number of practice sessions”,
“completion”, and “practice time” of these samples are all 0. Their values in the testing
group are equally set as 42.149, which is the intercept value (constant term) in the alert
model. That is why the cluster center value of the validating group in the severe alert
zone is much smaller than that of the testing group. Given this situation, the alert model
is modified by adding a condition item, if the independent attributes of “qualified rate”,
“excellent rate”, “number of practice sessions”, “completion”, and “practice time” are all 0,
the learning performance value of the dependent attribute is also set as 0. The modified
learning performance prediction model in hybrid learning is expressed as follows:

Sz = 42.149 + 0.19Lh + 0.085Ly + 0.441En + 0.061E f + 1.029Et
When Lh, Ly, En, E f , Et are equal to 0, Sz = 0

In order to verify the effectiveness of the adjusted alert model, the alert results formed
in the previous month, from September to December, are compared with the samples’ real
learning performances of the month, as is shown in Table 8.

In the no alert zone, the alert accuracy of the model is 75%, 80%, and 76.9% in October,
November, and December, respectively, while in the alert zones, it is 75%, 62.5%, and 80%,
respectively, suggesting an effectiveness of the model as expected. However, there is a
certain confusion between the mild alert and severe alert zones. In combination with the
actual teaching situations, the study used the data from the learning platform that reflect
the students’ hybrid learning performance. They may represent the reduced learning
performance of some students not only on the platform but also in the classroom, which
could be noticed by the teacher and then coped with accordingly. The students may also
adjust their learning performance under the teacher’s assistance and guidance. Therefore,
the actual learning effects differ from the prediction, which is also the significance of
learning performance prediction and alert per se. However, the teacher’s guidance or the
student’s adjustment may vary from person to person with different learning outcomes.
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This may also lead to a deviation in learning performance predication and the confusion of
mild and severe alert zones in the data analysis.

Table 8. Comparison of the Alert and the Actual Situations.

Alert situation Actual situation

September

No alert s1, s2, s3, s4, s5, s6, s7, s8,
s9, s10, s11

October

No
alert

s1, s2, s3,
s4, s6, s7,

s8, s9, s10, s11, s14, s17

Mild
alert s12, s13, s14, s15, s16, s17 Mild

alert s5, s12

Severe alert s18, s19, s20 Severe alert s13, s15, s16, s18, s19, s20

October

No
alert

s1, s2, s3, s4, s5, s6, s7, s8,
s9, s10, s11, s12

November

No
alert

s1, s2, s3,
s4, s5, s6, s7, s8, s9, s10,
s11, s12, s13, s14, s18

Mild
alert s13, s14 Mild

alert s15, s16, s19, s20

Severe alert s15, s16, s17, s18, s19, s20 Severe alert s17

November

No
alert

s1, s2, s3, s4, s5, s6, s7, s8,
s9, s10

December

No
alert

s1, s2, s3,
s4, s5, s6,
s7, s8, s9,

s10, s11, s12, s18

Mild
alert s11, s12, s13, s14, s15, s16 Mild

alert
s13, s14, s15, s16, s17, s19,

s20

Severe alert s17, s18, s19, s20 Severe alert s12

“s” = “student”.

5. Conclusions

After the outbreak of COVID-19, hybrid learning has become the mainstream learning
method, and the quality of hybrid learning has become particularly important. In this
research, a “prediction-alert” model based on a ridge regression algorithm and a K-means
clustering algorithm can effectively predict students’ learning performance by integrating
online and offline learning data. A valid learning performance prediction and alert model
contributes to the effectiveness and the accuracy of teaching in a hybrid learning context. It
facilitates teachers’ analysis of the students’ learning performance, the choice of teaching
strategies, and the implementation of precise teaching. It also proves a feasible method for
the analysis of hybrid learning performance.

With the cross-fertilization of 5G, artificial intelligence, big data, the Internet of Things,
and other new information technologies with education at multiple levels and angles,
education development has also accelerated from digitalization and networking to intel-
ligence. Strengthening the application of big data and artificial intelligence technology
in the field of learning monitoring and early alerts can promote educational research to
advance deeply in the direction of digitalization and intelligent innovation. In addition,
it can continuously improve the accuracy and personalization of education services and
realize a data-driven learner-centered teaching model. It also helps educational decision
making move toward digitization, intelligence, and precision. This study explores how to
integrate log data, behavior data, and operating data to provide early alerts of learning
performance in a hybrid learning environment, and how to design an early alert system
for dynamic monitoring of the learning process to provide an effective basis for precision
teaching and learning interventions.
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